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Cross-lingual Aspect-level Sentiment Classification with Graph Neural Network

BAO Xiao-Yi, JIANG Xiao-Tong, WANG Zhong-Qing, ZHOU Guo-Dong

(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Most of the mature labeled dataset of aspect-level sentiment analysis are in English, it is quite rare in some low-resource
language such as Chinese. For the sake of utilizing the vast but unlabeled Chinese aspect-level sentiment classification dataset, this study
works on cross-lingual aspect-level sentiment classification. Nevertheless, the most central and difficult problem in cross-lingual mission
is how to construct the connection between the documents in two languages. In order to solve this problem, this study proposes a method
using graph neural network structure to model the connection of multilingual word-to-document and word-to-word, which could
effectively model the interaction between the high-resource language (source language) and low-resource language (target language). The
connections include multilingual word-to-document connection and monolingual word-to-document connection are constructed to tie the
source language data and target language data, which are modeled by graph neural network to realize using English labeled dataset as
trainset to predict Chinese dataset. Compared with other baseline model, the proposed model achieves a higher performance in F1-score,
which indicates that the presented work does contributing to the cross-lingual aspect-level sentiment classification.

Key words: graph neural network; aspect level sentiment analysis; cross-lingual classification
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300 %04, BP—3k 600 45%0¥E, HAES-FE. fErhsC b, AMEA@AEN P CRIRE, XA Bk FE.
FYiv DAL s MU EAE. 5o scBdE AL, A TE BN R E T IR 5T Y 600 S5,

TEIE ) SE86 F, FRATVAE I 2 SC Bl AR N 2Rk, M TR A SO AR 1 5 A8k (B~ 4913 600 2%) B &%
BRI, Besh, HTIUER B R, FRATHEEAT S A B Se 8, P OUERIFIES . SECEAR B FRE S AT
B sCEAE R 5 AR G S LG B 600 25 BHEAE N UIZREE, 437 TE 98 3C Res A Lap PIM4U3 & 600
IR, RAREEE W 1.
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® 1L T HdE gt

BaREES | d Kt B
Train Semeval-14 Res+Semeval-14 Lap 600

Jiaju 600

PN N Baihuo 600

e Chufang 600

Wanju 600

Jiafang 600

Train | Jiajut+Baihuo+Chufang+WanjutJiafang | 600

HHOC-3E L Test Semeval-14 Res 600

Semeval-14 Lap 600

32 WNERESHRE

B AM# F Huggingface Transfomers H [) XLM-RoBerta {F A4 &% il 52 3L AR 1 g i a5, FHVEIE 5 BB (TE R
TR S B8 B R SO f R I S (19 xIm-roberta-base T 25 SO0 R TR 5 A1 H FRE S 31T 915, Mbok, BT X
B, FATHAE T A AT AL B B (0 DI ZREE AT X A N B Y o gk 47 T

RAVEH F1 AR R RE, BUEIEE Y 0.0-1.0, HUE Bk, 150 DAY i) M A Bk v

2 x precision x recall

- precision + recall

o WEE, RATHRAWE GCON WEGEZ4EE N 768, Hth4i 2R 256, AL Adam, #315A
0.000 1, L2 IEJU 0.001, A)F 5 KK BEA 130, xlm-roberta-base Tl ll 4 2 $ 76 P 3L 1 115 LA batchsize
N 32, BE21E0.000 1, AT 3 6. FTA SEERTE 1 5K Nvidia RTX 2080S GPU |58 /.

3.3 EERBINE
AT IPAE R, WAVER T 4 FILHES AR X LE, 4 402 mBert. XLM. XLM-RoBerta, CLHG, LA
TN R St X 4 A 2R ) ] A 2.
e multilingual BERT (mBert): I 104 Fi5 5 4 e B — 5 RLE VI SR A 245 5 BERT LAY, B RIS
BARMLE T 104 Pl S AR T AT, FFHEET —MAILER. 2155 BERT fEIZRE BEE A £
AT AR 4 N A8 5 bride, R (8 AT TR BE ML R T B 6 RS 5 3R R, 218 5 BERT i H S0 fif
T rbrict, X pTE HAbiE S, 6 WordPiece Arich;
o XLM: K% mBert MY ZIER H A& 100 FE S, EHBRR 5 I 3G 50 218 5 #4701k X
ZHOACR A EE 5 AL, RUILRE R 0 EE 5 UL IR IR, Rt B 8, XIM 15 B
B T X RS (BPE), 05 AN FTA G S TR WL IRE T B (sub-words) AT VI 4, DAL SR I N %
B IEAENE. hAh, XM B T #IRE 5 A A(TLM): EIIZRE R R I & SUM RIS 5 AR
RN B omty, Ngd, H—MESH LT UE B ZHIA —ME S POEAEN token. YIZRI,
T R B Y RS 8 5 B A (MLM) AT TLM;
e XLM-RoBerta: XLM-R £ /7% Efdi ] XLM+RoBerta, FF800 1 & Fh HoE M 8005 £ B s, 16
it 2 TB i C 4 AL BT 1) CommonCrawl 45 45, DL E W 107 s GRiB 15 5 R AE, ML T 5§
55 BERT #EMEMGFIE S Lok RE;
e CLHG: /7 XLM-RAEGTD, JH7E HARE S MEIE S 2 MM 755 S E, 05 0E6)-A) 8L .
R A A AR AL L R IR - T M SR I S, B S N S AT S SN I EE T R AR R SR A R L
34 EWERSHM
(1) H5EERFILR
F2HIH T RATMBE S LA RSB A SZI6 45 0. Horp, mBert, XLM. XLM-R J& T AN Fl #0 H0 77 7%,
EATBIE A E A S SO ZRAE, R AR T SCEAR RN AR, o CN B R 7E 5 A v SCBE i 4 i1 e
FI; M XLM-R (Translate)s CLHG FUEATHE H AL JE T8 FH R0 R 10 51, I GREE D J A T SO 450 A el

F1
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FHRER A rh SC s, IR D i A v ST A L TR B S S, e ON B 48 £ I R4 v s A v S8
P _ERITERE, EN B A& 48 78 I 104 rh B 13 0 SO0 A PR BE, UNT 81 U 375 19 2 FRO A = 06 15 4 .

2 TESCHE T SR AR A

Jiaju Baihuo Chufang
Method CN EN UNI | CN EN UNI | CN EN _ UNI
mBert 73.07 66.77 71.23
XLM 73.82 73.2 71.08
XLM-R 76.62 72.8 72.15
XLM-R (translate) 74.87 7008 75.86 | 72.16 66.82 70.66 | 70.39 67.82  70.7
CLHG 8599 84.66 86.83 | 76.66 7545 7849 | 76.77 79.16 79.33

Ours-GAT (by sentence) | 83.32 83.32 83.32 | 81.23 81.23 81.23 | 76.890 76.89 76.89
Ours-GAT (by words) 8592 87.23 8733 | 81.03 7826 8218 | 77.9  79.13 80.32
Ours-GCN (by sentence) | 84.99 8499 8499 | 80.62 80.62 80.62 | 78.48 78.48 78.48
Ours-GCN (by words) 87.83 8699 88.49 | 80.33 77.16 81.49 | 78.61 80.82 82.64

R2 JEOCHE LTI b SR S 45 R (5E)

Jiafang Wanju Avg.
Method CN EN UNI | CN EN UNI | CN __EN __UNI
mBert 65.82 64.24 68.23
XLM 71.06 70.53 71.93
XLM-R 74.28 76.49 74.46
XLM-R (translate) 7432 69.06 73.95 | 75.98 71.16 75.14 | 73.54 68.98 73.26
CLHG 77.48 7349 7879 | 81.49 81.64 8232 | 79.67 78.88 81.15

Ours-GAT (by sentence) | 79.82 79.82 79.82 | 82.39 82.38 82.42 | 80.73 80.72 80.73
Ours-GAT (by words) 7729 7528 77.12 | 81.27 81.9 83.32 | 80.68 80.36 82.05
Ours-GCN (by sentence) | 80.08 80.08 80.08 | 83.16 83.32 83.32 | 81.46 81.49 81.49
Ours-GCN (by words) 79.33 76.77 78.29 | 82.83 82.49 84.16 | 81.78 80.84 83.01
MFHAT LG i 7R F1 AR I VE b, FRATT 00 e AR 2 A FH S SO0 4 T P SO BB R 45 R 1
B T F AT A B A 2 R (83.01). Horr, XGE 5 il -A) SL Bl $% 47 %1 55 (by  words) (1) 77 TE B /ME 5 B
EIPERE TR AR 5 A% SR (by sentences) LA mifK, {H A1 AT DLUId i B Ak 2 240 W 1 07 =GB B T e ) % S5
Refibr, 15 RONIE BoNBIEER AN A m 2 A R EE 2 1, SERERMES LrAbg R+
SYBENT, ToiRIEIT A A R R R IR T BE R B CLHG A FH 1 ) - ) 38 2 AR ) - ) AR AU 3o 158 0 ) 7 4%
BIRIRR, FHAES T8 MG B JX P R T A 43 B SUAR 4y 24T 55, AEFRATHISLIG 1, & TR AR 1
FRRATHE H 1R A T -1 O R A
tbAh, mEPFLLEH, @ GAT WA EERERTHH GON 1. AT GAT BAME T
GCN 70 T S W hr ik B, % 1 A P R A v S WL B th 2% 210 s 2 R OGRS Fp o5 vE AN & A T
AT IR I -] @ 07 30 BROATEBRATRTHR ) e 1 3 2 0 90 25000 b PR S 300 DA R 3 3 3 7 o i O Tk
RAMIGEN, PR3F T o b T 4 2 0y 5 b A7 6 R g 0% 7 15 AL AR B AEAE IR R, AT 5 B0 BE T 1%
FEIE AR T FHHL 2 B A 2 XLM-R (Translate) f5 2% HUAK T A HL 28 813 A2 XLM-R, F&Al]
W, X% BT LA I 0T TR
BAVEHAT T W SL88, BEA R SUENIRIES, EXUENERES, 4R NE 3.
F 3 I AR ORI SR TN S SO R R AR A5 R

Method 14 Laptop 14 Restaurant Avg.
CN EN UNI CN EN UNI CN EN UNI
mBert 77.69 73.64 752 | 7548 69.49 72.61 | 76.59 71.57 7391
XLM-R (translate) 81.13 72,6 7747 | 814 6844 73.78 | 81.26 70.52  75.62
CLHG 84.15 80.43 85.04 | 78.33 76.89 78.92 | 81.24 78.66 81.98
Ours-GCN (by sentence) | 86.07 8591 8599 | 8391 83.83 8391 | 84.99 84.87 84.95
Ours-GCN (by word)) 85.23 81.67 85.52 | 77.57 78.64 80.32 | 81.4 80.15 82.92

MR 3 " A SRR, AR R AR ARG 1O T A AR R A ROR, XU BATT A T e
2o WL I B 1 S LR A R, 5 I 1) SR 4% R 6 T A 3R X S A e BONRRIE AN, 38 SRR o 4 A
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X R TR, TR AT R R, 5 S0 SRR AR IE R ILE £ T 595 SemEval
HARADER L, KN 2:1, 2930 SemEval HdfE F AR, bh T4 1 b 55 7 2 10 320 1) 0 B S s i,
SRS AN 55 AR RE 2 BE UK.

(@) 7B R ¢ 1 L e

FESRI R, BATRIE ZEHR G SR, B8 T RN 1 2 R Bt vt Uik, JFx 2 o5k LA &
BEAT T RCR VRN, ARSI SRR B R AR B 5E . AR 4 B9 SeIR gy Rep AT LIS B R 45 e B,
HE R XUTE: 35 ] - 1) 9 A 5 R K 4R T e K (H 80.84 $2T1 21 82.28), XUt HIFAIHF 7 CLHG Al F SR 2 (F)
THOMER R, KEXUE R R R 07> B0 — 0 B A 20, 55 =, KBS M kAT & wr DUt — 28
FIBE T, R 2RI S MR TRV RE R DA, R ARE AT A5 5 Eh, WK BRI L, P ok i
PEBE B ST RO 350 W AT U 435 4 [0 22 ol i AR R R A RSO, 3 N2 5 A R H H RE % B 4 3t A S X

B 2 18 S R
T4 IR G R AR B SR 1 52 )
) XLM-R 1 2
R F - A L - v
S 5 17 - 1 B R AL - - v
WU 5 - A LB ) % 55 - - -
WUE 5 1A - A FE L% B X ) - - -
il CN EN UNI CN EN UNI CN EN UNI
Jiaju 74.87 70.08 75.86 | 84.64 84.66 86.16 | 84.97 85.15 88.16
Baihuo 72.16 66.82 70.66 | 78.33 76.16 79.83 | 78.64 77.76 80.49
Chufang 7039 67.82 707 | 77.22 79.08 803 | 78.48 77.31 81.82
Jiafang 7432 69.06 73.95 | 79.18 74.85 77.11 | 79.66 75.84 79.11
Wanju 75.98 71.16 75.14 | 81.48 7899 80.81 | 81.3  79.32 81.83
AVG 73.54 6898 73.26 | 80.17 78.74 80.84 | 80.61 79.07 82.28
R4 AS[R] P g A R AR 2R 2 R 1 R e (48)
K5 3 Full model
U A R 3L L v v
XE ] - 1A PR v v
R 5 1] -0 LI ) % 5F) v -
RUIE 5 1A - FE L% R X ) - N
A, CN EN UNI CN EN UNI
Jiaju 8499 8499 8499 | 87.83 86.99 88.49
Baihuo 80.62 80.62 80.62 | 80.33 77.16 81.49
Chufang 78.48 78.48 78.48 | 78.61 80.82 82.64
Jiafang 80.08 80.08 80.08 | 79.33 76.77 78.29
Wanju 83.16 83.32 83.32 | 82.83 8249 84.16
AVG 81.46 8149 81.49 | 81.78 80.84 83.01

Wi 25 TR TU I B SR TR 0 B R ORI 2 2 B, SRATTHR AR T 1 N AL 8 7 T8 R J 7 R RO AR A 6T T B3 4
IS, ERATARE R B T BB IR0 OF S SR A OB PR RE AR XS b LA 5.

RS5O BRI OR (5

Jiaju Baihuo Chufang
Method CN EN UNI | CN EN UNI | CN EN _ UNI
XLM-R 7662 - Z 72.8 Z Z 7215 = Z
XLM-R (translate) 74.87  70.08 75.86 | 72.16 66.82 70.66 | 7039 67.82  70.7
Ours-GCN (no translate) | 83.59 - - 77.74 - - 76.79 - -
Ours-GCN 87.83 8699 8849 | 8033 77.16 8149 | 78.61 80.82 82.64
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RS OBIERERLX AR AR R ()
Jiafang Wanju Avg.
Method CN__EN _UNI | CN__EN___UNI | CN___EN__ UNI
XLM-R 74.28 - - 76.49 - - 74.46 - -
XLM-R (translate) 7432  69.06 7395 | 7598 71.16 75.14 | 73.54 6898  73.26
Ours-GCN (no translate) | 77.81 - - 80.28 - - 79.24 - -
Ours-GCN 79.33 76.77 78.29 | 82.83 8249 84.16 | 81.78 80.84 83.01

HEE 5 AA: FATEDS AN BN S B v, AR T TR A M RE R IL(79.24 $FHF
81.78). TATINA, XREF NI AML A BN 4] S ST 7 B s 5 M i e, g 6 fis:
TONEH AT A P8R B 133 031 3R FH 2] 219 816, MR 1L AR EMEEE S K, FHIMANLE
BHEA) Y AL V] DU XUE 5 BEA I 7 v 4k 2 5 s AR B MR R X UL B, FRATTA A AR ISR S I B %
S IEW, B2 00 A E T HARE S S S B 2 R S KA.

*o6 BHEE SR UMEE

A Jiaju Baihuo  Chufang  Jiafang Wanju Avg.
Ours 270339 215363 213966 198723 200691 219 816
Ours (no translate) 162022 129778 130978 121112 121265 133 031

(3) Lo Hr

AL Ff AR R DU ) CLHG A J9xf IR, %) [ 5 vh A st A7 i i 7 b os: T
JEVEGE R I> FEOHRE i, AW AL — AT P B AN SR R 0 A A A R B B, CLHG Hh {3 A SRS
F(R) T OBVE R RAA AR R 2 3 BUE M) B B3 5 I, 72 G 7] S 48] v A 1 A ) 6 AS [ 6T 1] F) 04 2 1)
FEIA, BRI TROA, SRR RE S B AR R U M 1 1R R SRR R R, SRR A O A LIk
A, RIELAR T S RO A R A HEAT 22 26, SR ULH, A SO A 1R A RE 8 T A b R SR S S AR 5
SRR, WTAE—EREE L3RIt T 518 5 8 1 2 1 SR I 1k e B

J ST |
i

Js;mmz|
!

| i3 pRONS'S pertonmEncE IS grest, Dut the betiEry (11 18 100 Al il s vy grood Tor wullege sludents wir jusl need @ refisbis |
e shart for daily use, which could kst about Thrs. e ;ﬂg ::- I COmpUTSs, which may r;.nitjlln;hln for gamees or th:
2 2 s
GAPFRANET. 2 OFEHRER KIS T EREEMT .:I,Jf'z"‘gk:;,:.."—q—an E’;t‘?;*;fi . RRE s
L I {Perfomance , POS} l l {Distiery Lie, NG} ‘ L [ {Run hecsry works , NOG)H J {Cumputer , POS) J
CLHG | {Partomancs , POSH ] | {Batttery Lifa , FOS} | CLHG | £Fun heavy works , NEG} | | {Computer , NEG} |
Ours I {Ferinmmanar , POS} l [ {Hatnny Liie | NG} l Ours [ [Hun Rasvy workes , NEG) ] \ompter | POG) ]
% = %
&1 7 Sl o3 A xR
4 IEI\ —QFI

B AN 1 55 2 IR B BRI AT A ST I, AR SCIR T AR T S O BB () 1 A ) 2K
B AZ AR DL ZRTE S ARG, B A2 W 25 A R0 2l 1 IRTE S AN H BRI B R SCR A,
B GRTAETRONS 1R ) B B R SO B RE ). BRANE TR IS R E HuE S b, 2 I T s K
N e ST AN fe A5 e ST T S SO B R Se . S5 SRR, AT 5 IEAE FLAR S L T bt 2
B AT FEEE I 5 M 1% 3 AT 55 B 55 LA L b — 2 3R AR T 3R 0 I 51 5 0 /AR 55 |
ST LA S i a7 P ) - ] 3] - O A% (10 B R B TR R 1 1 i R B

AT — 2 BB T8 T7 1R R R B i 5 TR 0 R B N P 3 e Ak 215 SR 2 T e S Dy A R IR K ) AR 5
o B P ] A R . SR MR IR AR B, R A RG] il BT N S T A ) i 2 Y
FE, ARSI SR AR TR GO0 B 1 OO0 AR I R BVR 2 7E R MR R A U 8 b R T ORI P R AR T

N

=
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